Abstract Pattern recognition in macroscopic and dermoscopic images is a challenging task in skin lesion
Introduction
Skin cancer is one of the most commonly diagnosed cancers worldwide and melanoma is the most aggressive form of skin cancer, as well as the one with the highest mortality rate. For example, in the United States, 87,110 new cases of melanoma were estimated to be diagnosed in 2017. Furthermore, 9,730 deaths from melanoma were estimated for the same year [1] . Computational systems have been proposed in order to assist dermatologists in skin cancer diagnosis, or even to monitor skin lesions [2, 3] . Image acquisition, pre-processing, segmentation, feature extraction and selection, and classification are fundamental steps commonly found in computational systems for diagnosing skin lesions. Macroscopic and dermoscopic images are examples of images acquired from non-invasive imaging techniques, which have been widely used in such systems. Macroscopic images are usually obtained by using common digital cameras, while dermoscopic images are acquired by a dermatoscope device that allows a more detailed visualization of the lesion patterns on the skin surface.
Segmentation is an important step that allows the extraction of the regions of interest (ROI) within an image. Previous studies have shown that computational methods for image segmentation can provide suitable results for the identification of skin lesions in images [4] . Usually, the images under analysis are pre-processed for image enhancement and artefact removal, so that more robust segmentations can be achieved [5] . The extraction of representative features of the ROI under analysis is essential for efficient classification of the skin lesions. The extracted features are usually based on clinical approaches used by dermatologists in diagnosing skin lesions. The ABCD rule is a commonly used method to classify such lesions in macroscopic and dermoscopic images according to Asymmetry, Border, Colour and Diameter (or Differential structures in the case of dermoscopic images) criteria [6] . Additionally, texture analysis can be performed to assess the surface roughness of the lesions to assist in discriminating between benign and malignant lesions.
Skin lesion classification systems should demonstrate high performance and efficacy, considering that they will be used to assist in dermatological diagnosis. The evaluation and improvement of the classification performance are essential requirements of pattern recognition [7] . The defining what features are meaningful and essential to represent the skin lesion patterns is a relevant challenge that should be considered. The application of several descriptions may be needed, considering the enormous quantity of information present in images. Nevertheless, a larger feature space can include redundant and irrelevant data. One solution to this problem is the application of feature selection algorithms to define the most appropriate features from images, since such algorithms permit the removal of redundant and irrelevant features [8, 9] . Additionally, these algorithms still can improve the classification accuracy rate.
Another solution to improve classification performance is based on ensemble methods [10] . Ensemble methods consist of integrating several classification models in order to develop a more robust system that provides more accurate results than by using a single classifier. Such models can be composed of either only one learning algorithm, classified as homogeneous or several learning algorithms, classified as heterogeneous. Several algorithms for constructing homogeneous ensembles have been developed through data manipulation, such as manipulating the training samples or the input features [11, 12] . Algorithms for manipulating the training samples allow the generation of multiple hypotheses, in which the learning algorithm is applied to different subsets of the training samples. Algorithms for manipulating the input features allow the generation of ensembles based on different features available to the learning algorithm. This process can involve, for example, the splitting of a set of features into subsets.
The main objective of this work was to develop algorithms for pattern recognition in both macroscopic and dermoscopic images in order to assist dermatologists in diagnosis of skin cancer. The achievements and contributions obtained from this work can be summarized as follows:
 An effective computational approach developed for the segmentation and classification of pigmented skin lesions in macroscopic images. The approach is based on asymmetry, border, colour and texture analysis for extracting skin lesion features and it is able to identify different types of skin lesions;  An effective approach for the combination of skin lesion features by using different feature extraction algorithms. The main contribution of this approach is the texture analysis based on several colour channels, as well as the application of different texture-based feature extraction algorithms;  Effective classification models based on ensemble methods and input feature manipulation to improve the skin lesion computational diagnosis from dermoscopic images. The main contribution of these models is the feature subset selection based on specific feature groups and feature selection algorithms for the input feature manipulation, which allowed the finest generation of diversity for the ensemble-based models and better classification accuracy.
Developed approaches
In order to fulfil the objective of this work, two approaches were defined: pattern recognition in macroscopic images, and pattern recognition in dermoscopic images. The first approach includes both the segmentation and the classification problems in macroscopic images. The second approach mainly outlines the feature extraction and classification problems in dermoscopic images. The overview of the developed work for the skin lesion pattern recognition is presented in Figure 1 . 
Image databases
The databases used to evaluate the developed approaches are composed of macroscopic and dermoscopic images of pigmented skin lesions. The macroscopic image database have a total of 408 images, which were collected from several databases as described in Oliveira et al. [13] . A great deal of information concerning the diagnosis of the imaged lesions provided by an expert dermatologist was also available, including diagnostics on the lesions and their features (i.e., asymmetry, border, colour and texture). The images of the macroscopic database were resized to 200x200 pixels to simplify their processing.
The dermoscopic images of pigmented skin lesions used to evaluate the extraction of features were collected from the International Skin Imaging Collaboration (ISIC) dataset [14] . In addition, the images were paired with the expert manual annotation that contains the skin lesion diagnoses, as well as the ground truth lesion segmentations in the form of binary masks. In this study, a feature extraction approach, based on shape properties, colour variation and texture analysis, was developed. Moreover, since the shape properties are obtained from the lesion borders, only the images where the lesion fitted completely within the image frame were selected so that the features could be extracted with greater accuracy. A total of 1,104 images were selected from the original dataset. The images of the dermoscopic dataset were resized to an average resolution of 400x299 pixels to simplify their processing.
Pattern recognition in macroscopic images
The difficulty in distinguishing some types of skin lesions has become a challenging research area. Hence, a computational approach was developed for the segmentation and classification of pigmented skin lesions in macroscopic images. Briefly, the approach involves the following steps: 1) image pre-processing, 2) image segmentation and post-processing, 3) feature extraction and classification, and 4) classification of type of skin lesions.
The first step intends to enhance input grey-level images corrupted by noise and it is based on an anisotropic diffusion filter [15] . The second step identifies the lesion presented in the enhanced image by using an active contour model without edges (Chan-Vese model [16] ), and for post-processing, the segmented region is identified based on morphological filtering (the opening operation followed by the closing operation) to improve the quality of the segmentation result. In the third step, features are extracted from the post-processed region, which include the asymmetry, border, colour, and texture properties. In addition, a support vector machine (SVM) [17] based on a histogram intersection kernel [18] is applied to classify each feature property into two categories according to their clinical principles. Finally, the last step concerns the binary classification between different types of skin lesions, i.e., nevus, seborrheic keratosis, and melanoma, based on the SVM classifier.
The asymmetry properties are obtained from the ratios between each pair of the semi-lines that represents the perpendicular lines by overlapping the two sub-regions of the lesion along an axis. A number of peaks, valleys and straight lines of the border are computed to assess the border properties by using the vector product and inflexion point descriptors from a one-dimensional border [13] . Statistical measures, i.e., average, variance and standard deviation, are computed for each colour channel of the RGB colour space to extract the colour properties. The fractal dimension method with a box-counting [19] is adopted based on grey-level images for the texture analysis; by using the methods mentioned earlier, 44 features were extracted to represent the lesion.
Pattern recognition in dermoscopic images
The ensemble methods are seen as promising models to be used for skin lesion classification due their ability to integrate several classification models to provide a more robust system. In addition, appropriate features and ensemble methods can be combined to achieve superior performance for skin lesion classification. Ensemble classification models based on input feature manipulation were proposed for the pattern recognition in dermoscopic images in order to improve the skin lesion computational diagnosis. This approach involves the following steps: 1) feature extraction, 2) data pre-processing, 3) feature manipulation, and 4) ensemble model integration and image classification.
Firstly, a combination of features was analysed based on shape properties, colour variation, and texture analysis by using different feature extraction methods. A total of 510 features related to shape, colour and texture were extracted from the skin lesion images. The shape properties include the lesion area, border perimeter, equivalent diameter, compactness, circularity, solidity, rectangularity, aspect ratio, eccentricity, lesion asymmetry, and border irregularity. The RGB, HSV, CIE Lab and CIE Luv colour spaces were used for extracting both colour and texture properties. The average, variance, standard deviation, minimum and maximum colours, and colour skewness were computed for each colour channel of the colour spaces. The texture features were also extracted for each colour channel of the colour spaces by using the fractal dimension analysis [19] , discrete wavelet transform [20] and cooccurrence matrix [21] methods.
For the data pre-processing step, a normalization method and a resample procedure [22] are applied to the extracted features in order to scale all numeric values to within the same interval and distribute the samples evenly for each class. Different categories of classifiers [22] were compared to evaluate the effectiveness of the proposed combination of features in the benign or malignant lesion classification; namely, the k-nearest neighbours (KNN), Bayes networks, C4.5 decision tree, multilayer perceptron (MLP), SVM and optimum-path forest (OPF) [23] . In addition, different feature selection algorithms were adopted, which include the Relief-F, information gain-based feature selection, gain ratio-based feature selection (GRFS), Pearson's correlation coefficient-based feature selection, correlation-based feature selection (CFS) and principal-component analysis (PCA) [22] .
Feature subsets from the shape properties, colour variation and texture analysis were selected to manipulate the input features and to generate diversity for the ensemble models. Three ensemble classification models based on input feature manipulation are presented here: 1) feature subset ensemble (SE-OPF), 2) feature subset ensemble with feature selection (SEFS-OPF), and 3) feature set ensemble with feature selection (FEFS-OPF). The feature subset selection for these models are based on specific feature groups, subset correlation, and different feature selection algorithms, respectively. Each ensemble classification model was built by using an OPF classifier [23] and integrated with a majority voting strategy [10] . For the OPF classifier, the Euclidean, Chebyshev and Manhattan distance functions [22] are used to measure the distances between the feature subsets. The effectiveness of the ensemble classification models was evaluated for the benign or malignant lesion classification process.
Results and Discussion
In this section, the pattern recognition results in macroscopic and dermoscopic images are described and discussed. First, the experiments for segmentation and classification of the macroscopic images are presented. Afterwards, the experiments on the feature extraction of skin lesions and classification of the dermoscopic images are introduced.
Segmentation and classification of the macroscopic images
A subjective evaluation was performed to analyse the obtained segmentation results. Hence, the visual assessment by a specialist of the segmented regions classified whether each lesion presented in the 408 images was correctly segmented or not. Figure 2 presents examples of the segmentation results obtained by applying the developed segmentation method to the original images. The segmentation results obtained by our approach were compared against the threshold-based segmentation results achieved by using the well-known method proposed by Otsu [24] . Our approach obtained significantly superior results compared to the threshold-based method according to the visual assessment made by the specialist. From the 385 correctly segmented images, 59 images were melanocytic nevi, 75 images were seborrheic keratosis, and 251 images were melanoma according to the expert dermatologist. In regard to the asymmetry criterion, the lesions were symmetric in 124 images and in 261 images were asymmetric. In regard to the border criterion, the lesions have regular borders in 69 images and irregular borders in 316 images. As to the colour criterion, the lesions present uniform colours in 31 images and non-uniform colours in 354 images. In regard to the texture criterion, the lesions present regular texture in 219 images and in 166 images they present irregular texture. Afterwards, the correctly segmented images were used for the classification process, in which the results obtained by the developed approach were compared with the results achieved by the SVM classifier based on a kernel commonly used, i.e., the radial basis function (RBF) kernel [17] .
The results achieved for the feature classification are shown in Table 1 , and the results obtained for the skin lesion classification are shown in Table 2 . The application of a histogram intersection kernel showed superior performances for both image classifications. Although the border classification by using an RBF kernel had better accuracy, the border classification by using a histogram intersection kernel achieved a more balanced classification result between the regular and irregular classes. 
Feature extraction and classification of the dermoscopic images
Experiments to analyse the extracted features were performed for the image classification in benign or malignant lesions by using different classifiers and feature selection algorithms that ensure the effectiveness of the developed approach. Our approach was applied to a set of 1104 dermoscopic images by using a cross-validation procedure [22] . Of these, 552 images were benign lesions and 552 images were malignant lesions. Table 3 shows the best classification results using feature selection algorithms. These results shown that the OPF classifier with the features selected by the CFS algorithm achieved superior results compared to the others. The ensemble classification models were also applied on the set of 1104 dermoscopic images and the best classification accuracy was obtained by the SE-OPF algorithm. The classification results are presented in more details in Figure 3 , which shows the variation of the accuracy (ACC) according to the ensemble size defined for each ensemble classification model. The classification results achieved by the best developed classification model were compared against the ones obtained using ensemble algorithms with and without feature selection that are commonly used in the literature; namely, bagging [10] , AdaBoost [25] and random forest [26] . Furthermore, our classification model was also compared to the individual OPF classifier [23] to analyse the efficacy of the ensemble algorithms. Table 4 shows the results using different classification algorithms, as well as the results of our model. The developed model achieved a better accuracy compared to other classification algorithms used in the literature. 
Conclusion and future works
Pattern recognition in macroscopic images are still little explored in research on pattern recognition field, and most studies do not deal with the classification of all features considered in present work. The approach using segmentation and classification of pigmented skin lesions in macroscopic images developed in this work allows the successful extraction of lesion features and the identification of different types of skin lesions, with the results obtained being very promising. The colour and texture analysis, based on several colour spaces combined with shape properties and by using different feature extraction methods, provided very promising results for skin lesion pattern recognition in dermoscopic images. In addition, the effectiveness of the combination of features was very important for the constructing ensemble classification models to improve the correctness of skin lesion computational diagnosis.
In conclusion, a relevant issue to be approached is the application of the segmentation algorithm in colour macroscopic and dermoscopic images, and it still can be combined with the developed classification model based on ensemble methods. In order to approach other problems concerning the dermoscopic image diagnosis, the ensemble-based models may be applied; for example, to identify the presence of global and local patterns, since pattern analysis is a challenging task in discriminating between benign and malignant skin lesions. In addition, deep learning architectures [27] may be taken into account in future studies related to the skin lesion classification in both macroscopic and dermoscopic images, since these architectures have revealed one can stress the capacity of learning from enormous amounts of data.
